Instrumental Variables (IV) estimates are frequently used to correct Ordinary Least Squares (OLS) estimates for simultaneity bias. This paper argues that in many instances, in particular when the endogenous variable is a dummy variable, the measure derived overestimates the effect. It presents a simple method for obtaining a correct estimate and applies this method to data of voluntary health insurance schemes in Mexico and Ghana. As expected the estimated effect is smaller than under OLS.
INTRODUCTION
Instrumental Variables (IV) methods are increasingly used in medicine [1] , [2] . In many cases two subgroups are distinguished, the compliers (treated) and the non-compliers (non-treated), and the IV estimator is the average treatment effect for the compliers (treated). As a result, the estimated effect for the entire sample is the effect for the compliers times the probability to be a complier.
Examples of studies using these IV methods are investigations of the effects of a particular medicine or medical treatment on a person's health status, the influence of voluntary health insurance on health expenditures [3] and [4] , and the effect of having maternal employment on the health status of children [5] . A common problem of these studies is that the probability to obtain a treatment is likely to be related to the outcome variable.
Someone suffering from a particular illness has a higher probability of being enrolled in a trial for a medicine; a mother whose child has a low health status might work less because of the bad quality of her child's health, and people who expect to have high health expenditures have a higher chance of signing a voluntary health insurance. Due to this dependency between one of the explanatory variables (the treatment variable) and the dependent variable the Ordinary Least Squares (OLS) estimates are inconsistent. The IV-estimator corrects for the resulting simultaneity-bias. In a study of the effects of having a health insurance on health expenditures the OLS estimator will overestimate the effect, because those who choose to take a health insurance are likely to expect having relatively high health expenditures. A correction of this bias by means of IV-estimation should thus lead to a smaller estimated effect. However, some studies -e.g. [3] and [4] -report a larger effect after correction for the simultaneity bias. Others report a larger (in absolute value) coefficient but refrain from discussing the size of the effect and only conclude that after correction for simultaneity the coefficient is still significant. In this paper I present a simple procedure for correctly estimating the size of the effect after the simultaneity bias has been accounted for by an IVmethod.
The setup of this paper is as follows. In the next section I briefly describe the problem and the methods suggested. Thereafter, I apply the procedures suggested to data on voluntary health insurance in Mexico and in Ghana. Section 5 concludes.
PROBLEM AND METHODS
Suppose one is interested in the effect of health insurance on various types of health expenditures such as out-of-pocket (OOP) or catastrophic health expenditures (CHE). Out-ofpocket expenditures are payments in cash that the patient must pay directly to the health care provider. Catastrophic health expenditures are cash payments for health care which constitute a large part of the patient's income. The health expenditures are determined by a set of factors, X, whereas the decision to be insured is determined by the same factors and at least one other variable. The latter is called the instrumental variable. Formally
Where Y represents health expenditures, T is a dummy variable which equals 1 if a person is insured and 0 otherwise, Z is the instrumental variable(s), α, β, γ, and δ are parameters and ε and u are error terms .
In the naïve model one assumes that the decision to be insured is not influenced by the level of health expenditures and therefore estimates relation (1) by OLS. Under these assumptions the OLS estimator is consistent and expected to converge towards the true parameter value, δ and -if we neglect the other determining variables -equals
If the decision to be insured depends on the individuals' level of health expenditures, the OLS-estimator is inconsistent. It can be shown (e.g [6] , Appendix 10B) that in case of endogeneity (the decision to take an insurance depends on the expected health expenditures) the estimated coefficient, d OLS , is equal to
if for simplicity the other explanatory variables are neglected for the moment. As a consequence, if we expect that respondents with high health expenditures have a higher probability of being insured, then the cov(T, ε) is positive and the estimated coefficient in the OLS regression is upwardly biased. The IV-method solves this problem by replacing the T variable by its predicted value based on the OLS estimate of equation (2) . Since the instrumental variable Z is not related to Y (and thus also not to ε) and the X variables are by construction unrelated to ε, the fitted variable, P(T), is uncorrelated with the disturbance term ε, cov (P(T), ε) = 0 in (4), and the IV-estimator is unbiased. These fitted values are represented by P(T) to indicate the change of the content from being insured to the probability of being insured. In summary the IV-method consists of two steps. The first step consists of estimating (2), and in the second step the fitted values of (2) are replacing T in (1) . For a study of the effects of a treatment -being allocated to a medical clinic or having a voluntary health insurance -, the estimated equation in the second step is
and when neglecting the X-variables, the IV estimator is
where P(T) represents the fitted values from the first step regression. For all respondents in the sample the expected effect of being insured is no longer equal to δ but to P(T)·δ, because the IV-procedure has changed the definition of the explanatory variable from being insured (yes = 1, no = 0) in the OLS regression to the probability of being insured, P(T) in the second stage of the IV-procedure (compare formula (9) in [1] ). The probability to be insured is less than one. As a result, the coefficient associated with P(T) has to be larger than in the naive model in order to obtain an effect of similar size.
Another, related, argument for the larger size of the coefficient's absolute value is that generally the first step regression reduces the variance of the endogenous explanatory variable: var (P(T)) < var(T) so that the estimated coefficient increases, as is frequently found in cross-section research. Consequently one cannot derive the change in size of the effect by simply comparing the coefficient of insurance in an OLS regression with that of the corresponding IV regression as is done in for example [3, p. 444] and [4, Chapter 8] . These studies mistakenly treat a dummy and a probability in the same way. Many other authors neglect this issue completely and only notice that in the IV regression the coefficient is still significant, from which they conclude that the effect is still there.
It would be preferable to present the estimated size of the effect after the IV regression has corrected the endogeneity problem. Such a procedure also indicates whether the correction was appropriate: smaller size effect after correction than is found by the OLS regression. I suggest two procedures. First, in accordance with equation (5), I propose to use the expected value of P(T)·δ. In practice this is the mean value of the first step regression's fitted values times the estimated coefficient d IV .
The second procedure consists of using the first step regression for generating a dummy variable indicating whether the respondents' probability of being insured is greater or lower than 0. and of the Ghana's National Health Insurance Scheme (Section 4).
The Effect of Seguro Popular in Mexico
In Mexico the poorest families suffered from high levels of catastrophic health expenditures <Insert Table 1 about here>   Table 1 presents the estimated coefficients of the effect of SP on different expenditures, when the decision to take an insurance is assumed to be exogenous to the level of expenditures (OLS estimates) and when it is assumed to be related to the level of these expenditures (IV estimates). The expectation is that the effect will be smaller if the possibility of endogeneity is taken into account. The estimated coefficients suggest, however, the opposite. As suggested in Section 2 the coefficient of the IV regression may be larger than the OLS coefficient due to the fact that the dummy (insured = 1, uninsured = 0) has been replaced by a probability. The variance of the latter will be smaller than that of the dummy. A correct estimate of the size of the effect can be obtained by multiplying the IV-coefficient by the probability to be insured.
The latter has been calculated by means of the percentage of insured in the surveys. Then the estimated effects are, as expected, much smaller than in the OLS regression (compare the rows OLS with the corresponding rows P(T)· d IV in Table 1 ).
The Effect of the Ghanaian National Health Insurance Scheme
In the case of Mexico's SP the methods suggested for estimating the size of the effects were based on the results presented in [3] , which does not contain the data itself. Consequently, I
could not apply the second method suggested namely to replace the original dummy by means of a newly constructed one based on the first-step regression. The individual data of a study on the effect of the Ghanaian National Health Insurance Scheme (NHIS) have been made available, so that I can calculate the results of the adjusted dummy method for this dataset.
In 2004, Ghana introduced a National Health Insurance Scheme. One of its aims was to reduce the financial burden of out of pocket expenditures. In order to evaluate the impact of this insurance scheme, in April 2009 and April 2011 two rounds of a survey were conducted in the Eastern and Central regions of Ghana. In these surveys data were collected on characteristics of the individual respondents as well as of the household to which he or she belongs (see [4] for more details). The dataset also contains information on the level of out of pocket expenditures and whether the respondent participates in the National Health Insurance Scheme (1) or not (0). As an instrumental variable I use whether the family belongs to an intervention community. The latter is a community in which a research team had organized regular constructive dialogues to identify the root causes of barriers to enrolment and used these to find solutions. The t-statistic of this variable is 13.85 (F-statistic is 191.8), which suggests that this Instrumental Variable is very strong. 1 In accordance with our expectation, the absolute value of the coefficient of the instrumented insurance variable is much larger 1 The OLS and IV-estimates can be obtained from the author. The original study uses five instrumental variables [4, p, 150] .
than that of the original OLS estimate; 1.13 versus 0.79 (see Table 2 ). Moreover, as expected, the variance of the instrumented variable is smaller: 0.251 versus 0.494 (see the first two rows in the column mean of Table 2 ). As argued in Section 2, this lower variance of the explanatory variable is an important reason for the coefficient's higher value (in absolute terms). Note that the standard deviation of the constructed dummy is similar to that of the original insurance dummy (0.481 versus 0.494, column standard dev. in Table 2 ).
< Insert Table 2 about here>
What is the expected reduction in out of pocket expenditures when a person is insured? Since the dependent variable is a logarithm, the expected effect is: exp(c) -1, where c is the coefficient in the OLS regression and equals P(T)·δ in the IV regressions. According to the OLS regression the reduction is 54.6%, whereas the IV regression estimates a reduction of 37.7% (see Table 2 ). As expected the estimated effect is smaller if we correct for endogeneity. Note that simply using the coefficient of the IV regression, as has been done in [4] , would suggest a reduction of 67,7%, which is counterintuitive since its larger than the effect based on the OLS-estimate. The estimate based on constructing a dummy form the linear first-stage regression suggests a reduction of 32,1% in out of pocket spending ( Table 2, last row). Consequently the estimated size of the reduction in out of pocket expenditures lies in the range of 32 to 38 percent instead of 54.6 percent as suggested by the OLS-estimates.
CONCLUSION
An Instrumental Variable method is frequently used for correcting the simultaneity bias in studies of the effects of insurance schemes. This paper proposes a simple method for deriving correct estimates of the effects after correction for the simultaneity bias and applies this procedure to Mexican and Ghanaian data.
Two versions of this method are suggested, which both make use of the first step regression. In the first version the first step regression is used to calculate the probability of treatment and the size of the effect is this probability times the estimated coefficient in the second step of the IV procedure. The alternative procedure uses the results from the first step regression to generate a new dummy variable, which is 1 if the probability of obtaining a treatment is larger than 50 percent and zero otherwise. Thereafter the equation of interest is estimated again with the newly created dummy as one of the explanatory variables. The size of the treatment effect is measured by this dummy's coefficient in the regression of interest. 
